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} Iderly activity detection is one of the sionificant applications in machine learning. A 


supportive lifestyle can help older people with their daily activities to live their lives 

easier. But the current system is ineffective, expensive, and impossible to implement. 
Efficient and cost-effective modern systems are needed to address the problems of aged 
people and enable them to adopt effective strategies. Though smartphones are easily 
accessible nowadays, thus a portable and energy-efficient system can be developed using the 
available resources. This paper is supposed to establish elderly people's activity detection 
based on available resources in terms of robustness, privacy, and cost-effectiveness. We 
formulated a private dataset by capturing seven activities, including working, standing, 
walking, and talking, etc. Furthermore, we performed various preprocessing techniques such 
as activity labeling, class balancing, and concerning the number of instances. The proposed 
system describes how to identify and classify the daily activities of older people using a 
smartphone accelerometer to predict future activities. Experimental results indicate that the 
highest accuracy rate of 93.16% has been achieved by using the J48 Decision Tree algorithm. 
Apart from the proposed method, we analyzed the results by using various classifiers such as 
Naive Bays (NB), Random Forest (RF), and Multilayer Perceptron (MLP). In the future, 
vatious other human activities like opening and closing the door, watching TV, and sleeping 
can also be considered for the evaluation of the proposed model. 
Keywords: Machine Learning; Activity Detection; Elderly-People; Activity Recognition, and 
Accelerometer. 


INTRODUCTION 

Machine learning has become a vety active research topic nowadays. The goal of 
machine learning is to improve computer programs. These programs expand themselves 
when new data arrives and may teach it to change. Multiple applications for machine 
learning are available such as face detection, face reorganization, image classifications, voice 
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reorganization, etc. Smartphones have become popular all over the world with several 
integrated sensors. Smartphones have a wide range of sensors to record human interaction 
with our surroundings [1].Therefore, these devices assist in human activity recognition 
(HAR) [2].The increasing usage of smart home technologies, combined with machine 
learning techniques, can provide valuable insights into people’s behavior [3]. Human activity 
recognition (HAR) through sensors embedded in smartphones has allowed for the 
development of systems that are capable of detecting and monitoring human behavior [4]. 
The number of elderly people is increasing rapidly day-by-day and taking excellent care of 
them is becoming an enormous issue not only in developing countries but also in developed 
countries. Elderly people have some health issues that have to be resolved. Diabetes mellitus 
(DM) is the most common and serious chronic disease in the United States [7]. Many adults 
use drugs to manage chronic conditions such as heart disease, lung disease, arthritis, pain, 
and depression [8]. Human activity detection within smart homes is one of the bases of 
unobtrusive wellness monitoring of a rapidly aging population in developed countries [9]. 

Activity classification is a recent concept involving the use of technology to 
automatically recognize different activities and, in some cases, to collate this information into 
a continuous record [10].Detection of adults' activities is a crucial task in the life of an adult 
because in this period of age, mostly old persons suffer due to some kind of disease and they 
need a caretaker for their health caring but in this modern and speedy age no one has much 
time to take care of an old one and cannot spare the whole day for this purpose. If the 
caretaker has a mechanism to alarm the time of the disaster, he can easily come near an old 
one, and take him to a hospital or take care of him during any critical situation. The use of 
dependencies can lead to elegant and well-performing models when a process is well 
understood [11]. Rapidly developing technology has made mobile and wireless devices part 
of daily life [12]. Machine learning techniques have widely been used to detect human 
activities but they mostly require infrastructure support, for example, installation of video 
cameras in the monitoring areas and the use of cameras is not the best technique in some 
cases, and some places, for example, bathroom camera is not good to capture the action of 
an old person. Smartphones can be used for Human Activity Recognition (HAR) through 
continuous monitoring of ADLs (Activity of daily life) [15, 18]. 

In our research work, we proposed a system using machine learning that detects the 
movement of elderly people using a smartphone accelerometer dataset. It will become a 
product which will be beneficial for elder people and very economical because we use the 
available resources to get data of elderly people. We are becoming statistics of aged people 
with the aid of the use of a cell phone accelerometer [19, 20], that is in their front pocket. 
Dataset has three axes, x, y, and z [16]. The x-axis represents the horizontal movement, the 
y-axis represents vertical movement, and the z-axis represents diagonal movement. After 
getting datasets, we processed the data and formulated it in a form in which many classifiers 
could be applied like: activity labeling, class balancing, and reducing the number of instances 
from huge data. Seven different activities can be detected. Different classifiers were applied 
on processed data, j48, nave based, MLP, and RF. By analyzing the dataset, results will be 
generated in the result set. The results of different activities are combined, and the maximum 
average accuracy of 93.16 is achieved through the Decision Tree J48 algorithm. 
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Activity detection of elderly people has gained worldwide attention over the last few 
years. There has been a lot of work done on early activity detection of elderly people using 
manual techniques. This study aims at activity detection of elderly people using machine 
learning algorithms. Sri Harsh et al. [1] perform analysis on smartphone data set by using 
machine learning algorithms. Some algorithm generates maximum accuracy in some kind of 
activities. Le et al. [2] work on fall detection by using mobile phone accelerometer data set, 
applying a random forest algorithm to get maximum accuracy. Kouta, et al. [3] detect the 
activities of elderly people by using the Internet of Things sensor and combining the 
classification and regression approaches. Montero Quispe et al. [4] work on mobile phone 
embedded sensor data and apply classification algorithm MBOSS, reduce the complexity of 
the computational process and generate features automatically. Anguita, et al. [5] used an 
SVM classification algorithm on mobile phone sensor data in the health care domain. Ravi, 
N et al. [6] distinguished in different activities to detect with the use of single accelerometer 
by mounted on the body of human being. And explain that short activities can be detected 
easily like opening and closing doots, etc. Chatterjee et al. build a monitoring system to track 
the activities of elderly people suffering from diabetes [7]. Wang et al. designed a model for 
elderly people to be aware of the current situation [8]. 

Ni et al. [9] describe the Elderly’s Independent Living in Smart Homes, several 
activities, and sensor based infrastructure surveys to provide Services. Assist to enhance the 
quality of life, prolong independent living and reduce caretaker’s time and minimize the 
healthcare cast in general, without losing the safety that continuous and unobtrusive 
monitoring provides. Preece et al. [10] explain their work in two phases, in the first one 
extract the feature of sensor date worn on the body, and the second phase applies advanced 
classification on data. Kasteren et al. [11] designed a wireless sensor network to detect the 
activities of elderly people applying the Morkv Model to recognize the number of activities. 
In the work of Ozdemir, A. T., and Darshan, B. [12] machine learning techniques are used to 
recognize fall detection with wearable sensors. In elderly people fall is an area very risky 
factor in the health care domain. Vavoulas et al. [13] used a mobile phone accelerometer to 
get data and preprocess that data to detect falls and make a fall detection algorithm. Body- 
mounted and wearable devices are available to get data from elderly people. Casale et al. [14] 
perform a comparative study on the wearable accelerometer dataset and extract different 
features to apply a random forest classifier. Zia et al. [15] apply different classifiers on 
smartphone accelerometer data set to detect Activity of daily life and fall. Sayem et al. [16] 
used smartphone accelerometer data set to detect nursing activities, apply SVM, Random 
forest classifier to get maximum accuracy. 

Mekruksavanich, S., and Jitpattanakul developed LSTM based framework to detect 
human activities [17]. They used a tri axes accelerometer and a tri-axis gyroscope for data 
gathering. Kadhum et al. [18] get the records by using a phone accelerometer and gyroscope 
records set to carry out extraordinary gadget learning algorithms to hit upon falls, the follow 
neural community, and SVM via the usage of WEKA tool. Bayat et al. [19] used the 
accelerometer records set of the phone positioned in a pent pocket to get the facts set and 
perform preprocessing on information and integrate three distinctive classifier effects. 
Another work on activity detection of elderly people was performed by Porwal et al. [20] to 
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preprocess the smartphone data to detect human activities by using machine learning 
techniques. 

Though, there are a significant amount of work has been done previously. The 
accurate detection of elderly people’s activities is a challenging problem. The proposed 
method employed machine learning-based methods such as decision tree, naive bays, 
random forest, and multilayer perceptron for elderly people’s activity detection in order to 
assist them for a better quality of life. 


MATERIAL AND METHODS 

We used datasets to evaluate our primary model. We used the smartphone 
accelerometer to get the reading of three different axes. The smartphone is located in the 
front pocket of a person. To collect data, we used a tri-axial accelerometer in the Android 
phone to measure acceleration. Data from this smartphone accelerometer includes the 
acceleration along the x-axis, y-axis, and z-axis [14]. The X-axis represents the 
horizontal/sideways movement of the user (x-axis), the y-axis represents vertical movement 
upwatd/downward, and the z-axis represents diagonal movement. The activity Detection 
system cannot perform the classification task directly on raw acceleration data. Generally, the 
classification will be performed after an informative data representation is created in terms 
of feature vectors as depicted in Figure 1. 


Figure 1. Dataset Directions 

The schematic of the proposed framework is given in Figure 2. The overall 
framework comprised dataset gathering, preprocessing, feature extraction, and classification 
of seven activities. These phases are explained in the underlying section. 
Labeling activity: J48 algorithm cannot perform on numeric data but in accelerometer 
dataset the consist on numeric data there are three attributes and one class in the dataset so 
the class consist on number activities detected against the attributes and activities were in 
numeric values like one, two, etc. we labeled the number of Activities by replacing the 
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numbers to A, B, C, D, E, F, and G. So, number of activities labeled as an alphabetic type of 


Feature Extraction 
CLASSIFICATION 


data in Table 1. 


Pre Processing 


J48 ALGORITHM 
(AVARAGE VALUE 
OF 52 INSTANCES) 


\ > 
>>- — py. “ 
ACTIVITIES 
Figure 2. The architecture of the proposed Model for Activity Detection of Elderly People 
Dataset: We collected a dataset from a Smartphone accelerometer placed in the front 
pocket. The dataset is collected from 15 participants performing 7 activities as shown in 


Table 1. 
Table 1. Activity Labeling 


St. No Label Activity 

1 A Working on Computer 

2 B Stand Up, Walking 

> C Standing 

4 D Walking 

5 E Going up and down Stairs 
6 F Walking and Talking 

7 G Talking and Standing 


Class Balancing: In the accelerometer dataset, the number of instances of one class is very 
high from other class, therefore, classification cannot work on this kind of dataset, then we 
performed the procedure of class balancing on the data set and separated the number of 
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activities one by one in a single file of a class number of instances of this class named as 
‘YES’ and the same quantity of instances of other class are named as‘NO’. Imbalance data 1s 
not good for different kinds of classification algorithms, and data balancing is used to 
overcome this problem. The tabular representation of class balancing is shown in Figure 3. 


|X Axis YAxis |Z Axis | Activity 
| 1546 2045| 1910 | A 
| 1529 2049| 1972 | A 
| 1859 2376| 2076 |B 
| sao 2374] 2077 B 
| 1859 2381| 2074 BO 

1907 fda fi 2034 |C 
| 1856 2403| 2066 | D 
| 18872353 | 2043 |D 
| 1887 2327| 2019 D 
| 1966 2350| 2082 |e 
| 19562354] 2071 
| 19532353 | 2068 | E 
| 1914 23a1| 1986 |F 
| 1909 2311| 1988 | FO 
| 19172317 | 2005 | FO 


E 
E 
E 
F 
F 
F 


|X Axis YAxis |Z Axis | Activity _ 
2004 
2114 
2051 
2108 | YES 


1958 2374 2124 | YES 
1963 2374 21279 | YES 


1986 
1987 


1873 
1873 


Figure 3. Class Balancing 
There are many existing mechanisms for activity detection systems, but the major 
issues ate the security and accuracy of the system. To improve the problem of accuracy and 
the efficiency of the system, a very common classification approach i.e. J48 is employed in 
out study. Proposed research work introduces a framework to develop a classifier based on 
data mining techniques. The testing procedure is performed on the publicly available Weka 
Tool by using the Decision Tree J48 algorithm. The experimental results and visualization 


tree is given in Figure 4, and Figure 5, respectively. 
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=== Summary === 


Correctly Classified Instances 0 96.1905 = 
Incorrectly Classified Instances 3.8095 ¢ 
Kappa statistic -9235 

Mean absolute error -0495 

Root mean squared error -1944 

Relative absolute error -9117 % 

Root relative squared error .9026 ¢ 

Total Number of Instances 


=~ 


=== Detailed Accuracy By Class === 


FP Rate Precision Recall F-Measure M ROC Area PRC Area 

0.060 0.947 0.982 0.964 0.924 0.970 0.955 

0.018 0.979 0.940 0.959 0.924 0.970 0.960 
Weighted Avg. 0. 0.040 0.963 0.962 0.962 92 0.970 0.957 


Confusion Matrix === 
b <-- classified as 


1 | a= YES 
347 | b=NO 


-0) : 73: YES (6.0) 


NO 22.0/2.0) 


(22.0/1.0) 


(6.0/1.0) 
Number of Leaves 


Size of the tree 


Number of Leaves 


Size of the tree 


Figure 5. Tree Generated by Weka Tool 


RESULT 

The proposed study comprised of three major phases: first data gathering while using 
a smattphone accelerometer to get the reading of movement of person the accelerometer 
dataset consists of three axes, x, y, and z-axis the reading consist of the how many points 
body is up from the earth, x-axis consists on the vertical position of a body, y consist on the 
horizontal position of a body, and the z-axis contains the diagonal position of a body. 
Second, the various preprocessing techniques are implemented on the accelerometer dataset. 
In this phase, we concise the number of instances by getting the average value of every 52 
instances because the dataset consists of 52 instances in one second. So, we got the one 
instance in one second by preprocessing the dataset, then we separated the classes and 
balanced the instance of every class. Thirdly, we employed various machine learning 
algorithms such as Naive Bays, Random Forest, Multilayer Perceptron, and Decision Tree 
(j48) classifier for elderly people activities detection and performed comparison of these 
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method by using various performance metrics i.e. accuracy, sensitivity, specificity, precision, 
and AUC as depicted in Table 3. 
Table 2. Accuracy of Classifiers 


Activities J48 Naive Bays MLP RF 
A 98.7 98.05 98.5 98.9 
B 92.1 81.5 68.4 84.21 
C 98.38 98.38 99.07 99.5 
D 83.5 77.91 85.4 84.92 
7 94.2 82.6 95.04 95.04 
p 96.19 95.23 94.2 95.23 
G 89.05 75 83.45 89.59 


**The average accuracy of 93.16 is achieved by using Decision Tree ]48. 


Table 3. Performance Comparison of ML Methods 


Classifier Sensitivity _————s Specificity ————————CéPrecision = AUC 
148 97.88 98.8 98.9 99.1 
Neske 94.5 91.25 88.25 87.35 
Bays 
MLP 97.5 96.9 98.35 97.25 
RE 87.5 86.5 84.5 85.75 
DISCUSSION 


To attain maximum accuracy, we performed different preprocessing steps on our 
dataset and then applied different classifiers on the dataset for better classification 
performance. There is a total of seven files are locally stored and named from A to G. We 
stored the number of instances of activity 

‘A’ and stored the equal number of instances of other activities and named as “YES’ for 
activity ‘A’ instances and the rest of the instances of activities are termed as “NO”. In the 
second file, we store the number of instances of B activity and store the same number of 
instances of other activity, class of B activity named YES and other to NO. In the third file, 
we store the number of instances of C activity and store the same number of instances of 
other activity, class of C activity named YES and other to NO. In the fourth file, we stored 
the number of instances of D activity and stored the same number of instances of other 
activity, class of D activity named ‘Yes’ and other to ‘No’. In the fifth file, we stored the 
number of instances of E activity and stored the same number of instances of other activity, 
class of E activity named YES and other to NO. In the sixth file, we stored the number of 
instances of F activity and stored the same number of instances of other activity, class of F 
activity named YES and other to NO. In the seventh file, we stored the number of instances 
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of G activity and stored the same number of instances of other activity, class of A activity 
named YES and other to NO. The accuracy of the different classifiers is illustrated in Figure 
6. 


Ac curacy 


A B C D E F G 


BJ48 eg NaveBays BMLP RF 


Figure 6. Accuracy graph of various ML methods for elderly people activity detection 
Beyond the accuracy measure, machine learning methods are also evaluated using 
vatious statistical measures such as sensitivity, specificity, precision, and area under the curve 
(AUC), respectively. The statistical diagram of these performance evaluation results 1s 
illustrated in Figure 7. It can be concluded that the decision tree algorithm (J48) has 
outperformed the baseline methods for elderly people's activity detection. 
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Figure 7. Performance comparison of various ML methods for elderly people activity 
detection 


CONCLUSION 

With the advances in technology, sensors embedded in handheld devices have 
initiated a ground to develop a system for activity detection of elderly people. However, the 
traditional systems have been affected by the major ingesting of computational resources 
such as processing units, and memory, etc. Thus, it is required to efficiently detect human 
activities to provide them aid at the earliest. Moreover, most of the existing human activity 
detection systems are heavily dependent on the subject’s expertise and are expensive. This 
paper proposes a novel method for activity detection of elderly people using state-of-the-art 
machine learning methods. The experimental results indicate that the proposed method 
increases the efficiency of human activity recognition (HAR) and also maintains accuracy. In 
the future, we intended to implement deep learning algorithms, add more activities, and use 
various other sensors for activity detection. 
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